Abstract
Introduction 1

Variable rate irrigation 2
The demand for food and fiber is increasing as the world's population grows. Irrigation management has 3 evolved into a top priority issue since available fresh water resources are limited. Row crop supplemental 4 irrigation is rapidly expanding in the moderately humid region of west Tennessee because of a trend of 5 stabilizing yields by irrigation and high commodity prices. However, the soils of west Tennessee exhibit high 6 spatial and temporal variability of soil characteristics that relate to moisture availability for crop production at 7 the field-level. It has been shown in a variety of studies that soil characteristics such as soil water holding 8 capacity and depth of soil significantly affects crop yield, hence irrigation strategies should be adjusted in 9 regard to the soil type (Duncan, 2012) . Consequently, variable rate irrigation (VRI) is recommended as the 10 appropriate irrigation scenario to address field-level spatiotemporal heterogeneity and thus how, when, and 11
where to irrigate (Duncan, 2012) . VRI is expected to improve water-use efficiency, increase productivity, save 12 fuel and decrease nutrient leaching (Pan et al., 2013) . Several authors have stressed the potential water 13 conservation that has been observed using VRI systems (Evans et al. zones for center pivot systems with limited sector control capability. They used soil properties to delineate 23 management zones, yet suggested to investigate crop response to water amount across different soil types as a 24 means to provide crop-specific irrigation management zones. 25
In practice, the level of irrigation management being followed by the majority of producers is relatively 1 low, while experience with successful zone control VRI management is rare among producers and service 2 providers. Initially, the larger price tag, accompanied with the fear of complexity that is associated with using 3 zone control VRI, are the two main stumbling blocks experienced by farmers. The sector control VRI 4 systems require less capital investment and the operation/maintenance is also easier than that of zone control 5 VRI. Most of the center pivots that farmers use today are equipped to allow a limited number of pie shape 6 sectors to be made, without any additional control panel upgrades. The knowledge and full use of this 7 capability is the perfect and most appropriate step in bridging the gap between current practice and cutting-8 edge zone control technology (Haghverdi et al., 2015b) . Currently, it is not easy to quantify the potential 9 production benefits of zone control and sector control VRI systems over conventional uniform irrigation 10 systems in a given field, further contributing to producers' present hesitancy and reluctance, with regards to 11 investing in VRI systems. 12
However, before the benefits of VRI can be achieved, it is necessary to identify the spatial heterogeneity 13 of soil within a given field and delineate homogenous management zones wherein identical inputs of water 14 can be applied. In practice, the number of zones depends on the target input, available equipment and the 15 crop(s) planted. However, a corollary expectation is that varying the inputs within the management zones will 16 facilitate optimal yields. This desire leads to the development of water production functions (WPF) where 17 crop yield is mathematically related to the amount of irrigation water. 18 19
Water production functions 20
The term production function (PF) may be assigned to any mathematical relationship between crop yield 21 and input components such as water, fertilizers and energy (De Juan et al., 1996) . In practice, almost all the 22 derived PFs require crop water use as an independent variable. PFs predict total dry matter (or marketable 23 product of each crop) as a dependent variable, while the independent variables are transpiration, 24 evapotranspiration (ET) or the amount of applied water during irrigation (IW). The PFs are categorized into 25 crop water production functions (CWPFs) and water production functions (WPF) that use ET and IW as 26
Quantifying crop response to water is the first step toward optimizing irrigation, and is therefore a critical 23 issue for farmers, governmental agencies and consulting companies. Given the time consuming and expensive 24 nature of irrigation studies, developing computer tools and models are very helpful in providing a 25 comprehensive understanding of irrigation-yield relationship for different crops across different soil types. 26
Robust algorithms are needed for identifying site-specific crop yield responses to environmental and 1 management parameters and helping to find either optimum practices or alternative scenarios. The increased 2 cost and complexity of variable rate irrigation (VRI) systems compared to conventional systems are the main 3 obstacles barring widespread adaptation by farmers. VRI related research projects have mainly focused on (i) 4 designing sprinklers to spatially vary irrigation rates and (ii) developing software/hardware for guiding the 5 VRI system (Pan et al., 2013 ). There thus remains by necessity, novel models and techniques that simplify 6 irrigation zone delineation, and provide an estimation of attainable production benefits of VRI systems, the 7 main goal of this study. 8
The objectives of this study are to: 9
Use multiple data mining techniques to design customized site-specific WPFs for cotton. 10
Determine the best site-specific WPF for cotton. 11
Simulate yield maps for uniform, sector control VRI, and zone control VRI center pivot 12 systems using the site-specific WPFs. 13
Formulate an optimization problem for sector control VRI systems using integer linear 14 programing and water production functions to maximize yield. 15
Compare the spatial arrangement of the optimum soil-based and WPF-based irrigation 16 management zones for sector control VRI center pivot systems. 17 18
Material and Methods
19
Field of study 20
A 73-ha cotton field that contained two center pivots for irrigation within which the resident farmer 21 practiced uniform nitrogen (N) application and variable rate potassium and phosphorus application was 22 selected as the study area ( Figure 1 Table 1 summarizes the data used in this study to derive the WPFs. The field was sampled on March 21 3 and 22, 2014 where 400 undisturbed core soil samples from 100 sampling locations at 4 different depths were 4 collected to measure soil texture, soil water content, and bulk density. Then, the soil water retention curves 5 were predicted for samples using pseudo-continuous pedotransfer functions (Haghverdi et al., 2014a) and 6 interpolated to generate high-resolution maps. In addition, soil apparent electrical conductivity (ECa) was 7 collected using a Veris 3100 (Veris Technologies, Salina, KS) instrument. More information on proximal soil 8 data collection/sensing and modeling is provided by Haghverdi et al. (2015c) . The cotton lint yield maps were 9 obtained from the yield monitors. A quality assessment of the raw cotton lint yield data was conducted to 10 remove outliers and bad data. The study field was gridded into 5-m × 5-m cells or pixels (25m 2 area per cell) 11 and for each cell, all attributes in Table 1 (inputs and outputs) were obtained. Ordinary kriging was used for 12 interpolation. Empirical semivariograms were calculated using the Geostatistical Analyst toolbox in ArcGIS 13 10.2.2 (ESRI Inc., Redlands, California) considering 12 lags and an omnidirectional stable model. A total of 14 16,000 cells were prepared after removing cells with missing/bad data. Since neither pivot was shut off in the 15 overlap zone, the water applied in that zone was considered to be the summation of the applied water by the 16 both pivots. 17
In many situations, there are only a few major driving forces that govern a system. As the number of 18 input predictors increases, the likelihood of redundancy or high correlation between variables increases with 19 more than one attribute capable of explaining the behavior of the system. Principal component analysis 20 (PCA) is a statistical method that is used to reduce the dimensionality or the number of high correlations in a 21
given data set. PCA finds hidden patterns within a data set and extracts the important information from the 22 raw data and replaces it with a group of new input predictors called principle components. Inc., Natick, Mass.) to perform PCA. The Hotelling's T 2 , a statistical measure of the multivariate distance of 1 each observation from the center of the data set, was calculated to find the most important PCs. 2
Prior to establishing WPFs, the data set was randomly divided into 10 almost equal-size subsets. The 3 modeling was repeated 10 times where each time one subset was assigned to the test phase and the rest of 4 them were used to develop the WPFs. 5 6
Modeling and simulation 7
Phase 1: Establishing site-specific water production functions 8
Multiple Linear Regression water production function, MLR WPF 9
Figure 3 illustrates the three methods that were developed to establish site-specific WPFs. Traditionally 10 linear regression is used to derive WPFs that typically result in a curvilinear representation of water-yield 11 relationship. We followed the recommendations of Haghverdi et al. (2015b) and used k-means cluster analysis 12 to divide the data into 4 homogenous soil property sub-groups. Then, for each sub-group, a separate MLR-13 WPF was developed considering IW, IW 2 and IW×PCs as input predictors. The ten most important PCs 14 were used as input for clustering. 15
16
K Nearest Neighbors water production function, k-NN WPF 17
The k-NN is a non-parametric lazy learning algorithm that processes all of the data when prediction of 18 the response(s) for a new observation is required. The k-NN was considered to be among the top ten the Euclidean distance, to find so-called closer observations with higher similarity. Then, it combines the 22 response of the k nearest surrounding observations to predict the response for new observations. 23 Figure 3 provides a visual step-by-step guide to deriving the site-specific k-NN WPFs, where first the 24 raw inputs (Table 1) were converted to PCs. Then, the first 10 PCs and the IW were converted to input 25 predictors with a zero mean and a standard deviation of one, and then the ranges of input predictors were 26 tuned following the method recommended by Nemes et al. (2006) . In order to predict yield for a target cell of 1 the test data set at a specific irrigation level (I * ), the following steps were taken. First, distance from the target 2 cell to every cell in the development data set was computed as the summation of the differences among their 3 input predictors: 4
where d i is the distance between ith cell in the development data set and the target cell, Δa ij is the difference 5 between jth attribute of the two cells and N=11 is the number of the input attributes. 6
Second, a reference data set was created consisting of those cells in the development data set that had 7 irrigation levels within a 20-mm range from the target irrigation level (i.e. I * ). Third, the k nearest cells to the 8 target cell were selected from the reference data set. Fourth, a distance-dependent weight was assigned to 9 where k is the number of selected nearest cells, p is the design parameter and w i is the weight of ith cell. 11
Finally, the cotton yield for the target cell (Y p ) was predicted as the weighted average of the yield values for 12 the k nearest cells: 13
A cross-validation procedure was designed to identify the optimum k and p values. The parameter k was 14 varied from 1 to 10 and p was changed from 0.5 to 3 with 0.5 increments. For each combination of k and p 15 parameters, a bagging technique was implemented to compute the output of the k-NN-WPF (Breiman, 16 1996) . In other words, the output was the aggregation of the output of multiple WPFs which were established 17 on different realizations of the reference dataset using sampling with replacement. Haghverdi et al., (2015a) 18
recommended that the number of ensemble values be 40. The modeling was done using Matlab R2014a 1 (MathWorks, Inc., Natick, Mass.). 2 3
Artificial Neural Network water production function, ANN WPF 4
The past performance of artificial neural networks (ANNs) suggests that they have potential to establish 5 reasonable WPFs (Haghverdi et al., 2014b) . A three-layer perceptron model was selected for this study. SPSS 6
Modeler 15 (SPSS Inc., Chicago, IL) automatically computed the best number of neurons to be used in the 7 hidden layer to derive ANN WPFs. The first 10 PCs and IW were chosen as input predictors. The bagging 8 technique was implemented to enhance model stability. The number of ensembles was chosen to be 40. 9
Thirty percent of the training data were assigned to cross-validation to avoid over-fitting. 10 11
Phase 2: Simulating irrigation and zoning strategies 12
The WPF with highest performance was selected to simulate irrigation and zoning strategies. Note that 13 both modeling and simulation phases were done separately for 2013 and 2014 data. The seasonal irrigation 14 level was changed from 0 to 150 mm with 10-mm increments. The optimum cotton lint yield maps were 15 delineated for the three irrigation strategies including (i) uniform irrigation, (ii) VRI with limited sector 16 control capability and (iii) a hypothetical situation in which each cell (5×5 m 2 ) to be irrigated individually at 17 optimum level. 18
We adopted and modified the integer linear programing (ILP) optimization process developed by 19
Haghverdi et al (2015b) to find the optimum arrangement of management zones to maximize cotton lint yield 20 for VRI systems with limited sector control capability. Each center pivot irrigation system was considered to 21 consist of 360 sectors each 1 degree wide. A total of 12,241 possible zones were obtained by all combinations 22 of 1 degree sectors into sectors from 1 to 360 degrees long (Table 2) . Then, the optimum irrigation level to 23 maximize cotton lint yield was predicted for each zone by means of k-NN WPF separately for each cropping 24
season. The optimization process was formulated as follows: 25 subject to (5) (6) (7) where x i is the decision variable for zone i, y is the optimum yield per unit area predicted by k-NN WPF 1 within zone i, n is the total number of the zones, l is the length of each zone in degrees, c ij is a coefficient 2 equal to 1 if angle j is covered by zone i otherwise equal to 0, P max is the maximum number of desired zones. 3
The objective function (4) maximizes cotton lint yields across the zones. Restriction (5) guarantees that 4 each degree is covered only by one zone and the optimum zoning scheme covers the entire area underneath 5 the center pivots. Constraint (6) keeps the total number of the zones less than the maximum user-defined 6 number. Constraint (7) ensures that the length of the sectors is greater than the minimum user-defined (i.e. 5 7 degree in this study). If a sector was selected, the decision variable of the model, x i , was equal to 1 otherwise 8 0. 9
Evaluation procedure 11
The performance of the WPFs was evaluated using the root mean square error (RMSE), the mean bias 12 error (MBE) and the correlation coefficient (r): 13
where E i , and M i are the estimated and the measured cotton lint yield (Mg ha -1 ), respectively; n is the number 1 of actual cells in test/validation set; E m and M m are the mean of estimated and the mean of actual cotton lint 2 yield (Mg ha -1 ), respectively. 3 4
Results
5
Principal component analysis 6
PCA was performed to combine and summarize the variability in the input attributes in Table 1 (Figure  7 4). A cumulative Hotelling's T 2 was plotted against the number of PCs where about 96 % of the inputs were 8 explained by considering 10 PCs, but adding more PCs did not improve nor explain most of the variability. 9
Our goal was to explain at least 95 % of the variability in our data set using selected PCs. Consequently, we 10 used only the first 10 PCs in our WPFs. However, to provide an overall insight regarding performance of the 11 PCA approach in this study, we only discussed the coefficient of the first two PCs in detail. 12
The PCs coefficients for the first two PCs (Figure 4 , panel c) indicated soil texture and water content 13 within the effective root zone followed by soil structure had the highest influence on PC1. On PC2, percent 14 of clay and water content at FC and PWP of the shallow soil played the major role. ECa, irrigation and 15 fertilizer produced medium coefficients for both PCs. The PC1 map to a great extent showed the expected 16 pattern of soil physical and hydraulic properties across field (Figure 4b ). The PC1 negative values corresponds 17 to soils with lower water holding capacity and available water content which were formed by three regions at 18 the mid-east, mid-south and north west of the field. The PC1 is plotted against PC2 when ECa data were 19 used to color code the points (Figure 4, panel d ). There was a clear distinction between (i) points with lower 20
ECa (corresponding to coarse soil with lower available water content) which were skewed and clustered 21 towards upper left corner of the figure and (ii) points with higher ECa (corresponding to fine-textured soil 22 with higher water holding capacity) which were skewed towards upper right corner of the plot. The transition 23 lower p values exhibited a higher increase in RMSE for k greater than 4. In general, the standard deviation of 10 RMSE values among 10 subsets consistently decreased with increasing k from 1 to 10 regardless of p values. 11
The optimum parameters for k and p were equal to 4 and 1.5, respectively. 12 Table 3 summarizes the performance evaluation statistics for the WPFs. occurred from rainfed to uniform irrigation followed by the change from sector control VRI to irrigating each 10 cell individually. In 2014, the spatial yield pattern for the rainfed scenario is similar to soil texture maps and 11 high resolution soil available water maps for the field of study illustrated and modeled by Haghverdi et al. 12 (2015c) . They showed that coarse-textured regions with low available water content were located in the 13 middle, eastern and southwestern parts of the eastern pivot as well as in northern and northwestern of the 14 western pivot. In 2013, however, it is hard to match the yield pattern for the rainfed scenario against soil 15 spatial distribution, yet yield patterns under uniform irrigation were somewhat similar to spatial pattern of soil 16 physical and hydraulic properties within the effective root zone. For both pivots and cropping seasons, yield 17 predicted under sector control VRI scenario exhibited lower minimum but higher maximum than that for the 18 corresponding uniform irrigation maps. Moving from sector control VRI into the hypothetical scenario of 19 irrigating each 25 m 2 cell individually, yield improvement mostly occurred for cells with low expected yield. In 20 other words, the maximum predicted yield remained almost unchanged but minimum predicted yield was 21 substantially improved. 22 Figure 9 shows the spatial arrangement of the optimum sectors from this study and the previous study 23
by Haghverdi et al (2015b) . In this study, k-NN WPF along with ILP optimization were used to find 24 optimum zones when the objective was to maximize cotton lint yield. Haghverdi et al. (2015b) found the best 25 spatial arrangement of sector zones using ILP optimization and soil related attributes without considering the 26 irrigation-yield relationships. They used soil available water content, soil ECa, yield data and Landsat 8 1 panchromatic satellite data when the objective was to minimize soil spatial variation within each zone. The 2 spatial arrangement of optimum pie shape sectors to maximize lint yield changed from 2013 to 2014 for both 3 pivots. The 2013 zones for east pivot were somewhat similar to zones by AWC and ECa data from 4
Haghverdi et al (2015b) study. In 2014 for the east pivot, three sectors were located on the coarse-textured 5 region with low soil available water content, while a big sector covered rest of the pivot. There were some 6 similarities between 2014 zones for the west pivot and zoning by ECa and AWC data from Haghverdi et al 7 
Site-specific water production functions 13
The k-NN performed better than MLR and ANN in predicting cotton yield. It seems even dividing the 14 field into more homogenous regions did not reduce the complexity enough to get the same level of accuracy 15 by MLR WPFs as achieved by k-NN WPF. The ANN WPF showed a better performance than MLR, 16 although we used the entire data set to train the ANN models. This is in line with the results reported by 17 In general, linear techniques are not suitable to model the spatial variability of crop yields (Sudduth et al., 25 1996 ), yet the k-NN WPF designed in our study performed satisfactory because it acts as a smart search 26 engine to selects only a few similar data points for prediction. This approach helps k-NN WPF to take 1 advantage of numerous data points (cells) provided by the yield monitoring systems without necessarily 2 having a good approximation of the non-linear relationships between inputs and yield for all cells across the 3 field of study. The k-NN WPF makes use of similarities to distinguish patterns instead of fitting coefficients 4 and this approach could be favorable whenever the form of relationships between input and output of a 5 system is not known in advance (Nemes et al., 2006) . One should note that, k-NN WPF introduced in this 6 study only provides a pseudo-continuous prediction of yield over a range of applied irrigation. In other 7 words, it gives trustable results only in the neighborhood of measured IWs. Hence, its application for 8 continuous prediction of yield-water relationship is only suggested if IW is applied at multiple levels such that 9 the available data sufficiently cover the desired prediction range. 10
We had substantial spatial variation of soil properties in the study field. Long-term analysis of yield maps 11 for different crops revealed that the spatial variability of soil attributes can seriously impact crop yields 12 water within a field they should be considered in the development of site-specific WPFs. 17 18
Zoning and irrigation strategies 19
The majority of the farmers in west Tennessee practice uniform irrigation despite spatial variability in 20 soil properties that exists in their fields. Site-specific WPFs can help them to move towards optimum uniform 21 irrigation strategies for different crops and climatic condition. Rainfall was abundant over the course of this 22 experiment, but some dry periods did occur and supplemental irrigation was crucial to fulfilling ET demand, 23 especially for coarse soils with lower AWC. Thus, there was a positive cotton lint yield response to irrigation 24 predicted by the use of k-NN WPFs under both center pivots when compared to rainfed yields. In 2013, 25 delayed planting affected heat unit accumulation/distribution and maturity which in turn suppressed the yield 26 across the field, while yield reduction in soils with higher available water was more pronounced. This was 1 shown in WPFs prediction as a general slight increase in yield as IW increased. Adding more water reduced 2 the drought stress for soils with lower AWC but increased overall yield until a peak point. Analysis of yield 3 data showed that even for coarse-textured soils with low WHC, cotton yield reduction occurred due to over 4 irrigation. That is why, a yield reduction was predicted by k-NN-WPF for IWs of more than 120 mm. In 5 2014, the overall yield-irrigation relationship across the field was somewhat different than that for 2013, yet 6 closer to what we expected to see in most of the years. As in 2013, there was a peak at a high irrigation level 7
(IW = 110 mm) which is attributed to the optimum level of IW for soil with lower AWC. Unlike 2013, 8 however, in 2014 there was also a second peak for lower IWs which turned out to be the best uniform cotton 9 irrigation strategy according to k-NN WPF predictions. This was recognized as the point of optimum IW 10 level for soils with higher AWC suggesting that in a more typical year like 2014 (a year without delayed 11 planting), lower irrigation for fine-textured soils produced higher yields that compensated for the yield 12 reduction over water-stressed coarse-textured soils in different regions of the field. More years of data are 13 needed to confirm this as a long-term trend. 14 Given the spatial variability of soil attributes in the field, west Tennessee farmers are likely to depart 15 from uniform irrigation scenarios to some type of VRI. Sector control VRI is an easier and less expensive 16 irrigation strategy for those who possess center pivot irrigation systems. As previously stated, zone 17 delineation for irrigation management is complex. Site-specific WPFs could be beneficial to support such 18 conversion from uniform to sector control VRI systems, because they are useful for delineating crop-specific 19 irrigation zones and for identifying the optimum irrigation strategy for each sector. A field is likely to have 20 sectors with variation in soil attributes where real time irrigation scheduling becomes challenging. The site-21 specific WPFs would provide insights into the right soil to follow within each section to maximize yield. 22
Haghverdi et al. (2015b) focused on soil properties to delineate irrigation management zones. We added crop 23 yields to the optimization process by using site-specific WPFs. While there were some similarities between 24 zones in this study and zones developed by Haghverdi et al. (2015b) , the differences were more substantial 25 both between years and methods. To a great extent, this difference reflected the inherent spatiotemporal 26 variation associated with crop growth and yield which in turn governed the spatial configuration of optimum 1 crop-based zones. According to Basso et al. (2009), bias in the evaluation of homogenous management zones 2 may occur due to the impact of weather patterns on both crop growth and the interactions with soil types. 3
We showed that the year-to-year temporal variation in rainfall patterns influences cotton yield-irrigation-soil 4 relationships in west Tennessee. Farmer irrigation management techniques also influence the crop-based 5 zoning result, because for each cropping season, the k-NN WPF only combines the available observations to 6 make a new predication in that year. Therefore, it is important to look at the zoning system in this study as an 7 iterative process which helps farmers to improve their irrigation decisions. The more a farmer improves their 8 irrigation management, the better k-NN WPF predictions reflect a field's yield potential. Consequently, 9 longer experimentation is needed to see how our crop-based zoning strategy works across years and how 10 different it would be from the soil-based zoning strategies introduced by Haghverdi et al. (2015b) . 11
Based on the k-NN WPF predictions, irrigating each cell individually at optimum levels would have 12 caused a moderate increase in yield in 2014 and a slight increase in 2013 compared to the best uniform 13 irrigation strategy. In reality, this provided a cap for the potential yield boost expected from a site-specific 14 VRI. Even in 2014, the expected boost in yield may not be high enough to compensate for the infrastructure 15 and management expenses needed to convert to a VRI system. Obviously, the benefits of sector control and 16 zone control VRIs is both site and crop specific and depends on a variety of factors including the magnitude 17 of soil spatial heterogeneity throughout the field, weather conditions, and the efficiency of real time irrigation 18 scheduling (Daccache et al., 2015) . 19 20
Conclusion 21
Design-based statistics were dominant for much of the last century when contemporary constraints on 22 data collection and processing prevented on-farm experimentation (Pringle et al., 2010). Nowadays, however, 23 most of the farmers in US are collecting numerous site-specific data useful for on-site experimentation. 24
However, the available data often have different spatial and temporal resolutions. Moreover, the observations 25 may be spatially and temporally autocorrelated while also carrying inherent error and uncertainties. Therefore, 26 in order to convert these data to useful information, robust algorithms and models are needed. We designed 1 and evaluated site-specific WPFs. The results confirmed that site-specific WPFs may be powerful after-the-2 fact tools that are used by farmers to enhance future site-specific irrigation management. We used site-specific 3
WPFs to evaluate different irrigation and zoning strategies. Currently, implementation and management of 4 VRI systems demands high capital costs (Evans et al., 2013), hence it is crucial to assess the potential yield 5 gain of zone control VRI over uniform and sector control VRI scenarios for each crop and a specific site. 6
Our results showed that crop-based zoning using WPFs produces different zones based on the annual 7 climatic conditions and farmer management practices. We believe a long-term data record is required that will 8 capture different climatic and irrigation management scenarios that lead to stable zones. A practical option is 9
to start with soil-based zoning for sector control VRI systems as proposed by Haghverdi et al. (2015b) and 10 then use site-specific k-NN-WPF to improve both zoning and within zone irrigation decisions in an iterative 11 process. For the study site and over the course of the experiment, the expected yield improvement by a zone 12 control VRI system was not substantially higher than that of sector control VRI. Note that results will 13 probably differ under drier conditions when greater yields are likely to occur under a zone control VRI 14 compared to a sector control VRI. 15
Consider that there are fundamental differences in characteristics and applications of the traditional 16 CWPF/WPF and proposed site-specific WPFs in this study. Classical PFs are mostly derived from multiyear 17 experiments that use research plots at different locations. The main goal of classical PFs is to eventually apply 18 the established functions for similar places and/or for the same place in the future. Contrary to these studies, 19 the site-specific WPFs that we propose are not designed to be used in other fields or even on the same field 20 in different years. These WPFs may provide insight, but are not ready for real-time VRI scheduling and 21
addressing related concerns such as runoff and deep percolation issues. The site-specific WPFs developed 22 here are after-the-fact tools to simulate different irrigation scenarios for a given-field over a specific cropping 23 season. They are tools to help farmers to monitor their irrigation management and provide a unique 24 opportunity that has only become possible due to recent advances and the spread of precision farming 25 equipment such as yield monitors and VRI systems. 
8
*** The farmer practiced variable rate P and K, but nitrogen was applied uniformly. 
